ABSTRACT The aim of this paper is to propose a robust registration algorithm to reduce the impact of the marker-recognition error on image-to-physical registration in the robot-assisted cranio and maxillofacial (CMF) surgery. Since the image-guided technology has been widely used in the CMF surgery, the surgical robot based on remote or cloud plan data has come into focus. As a critical procedure of the image-guided surgical robot, the image-to-physical registration has become a decisive factor of the operation result. The recognition error of the reference points is a main challenge for the registration. Therefore, we propose an improved method to cope with the noise in the image space. The image-to-physical registration is accomplished via a group of implanted reference markers. Firstly, the reference markers in the image space are picked out manually and extended to a fuzzy point set via a directional region growing algorithm. Then, the reference markers in the physical space are localized by the navigation cameras. At last, the transfer matrix is calculated using an improved registration algorithm based on the geometrical features of reference points in the two spaces. The experimental results demonstrate that the proposed method is less sensitive to the number of the reference points, and the influence of recognition noise can be decreased effectively. This paper is a foundational link of the cloud-based surgical robots, and the results of every case will be collected to the cloud for further data mining and analyzing.
I. INTRODUCTION
In recent years, various techniques of robotic aided surgery have become popular in both the engineering and clinical fields. It laid a solid foundation for the remote-and cloud-based surgical robot, or named image-guided surgical robot (IGSR) [1] - [4] . In general, the IGSR uses preoperative plan data as an objective guidance to control the intra-operative actions. The pre-operative plans are usually accomplished by the surgical experts remotely, and stored in a cloud server. During the application of IGSR, aligning the images from different sensors or different times has become a crucial step [5] - [7] . The image-guide process can't be completed without fusing the pre-and intra-operative images in image-and physical-space. The result of the registration can decide the operative effect directly, especially for the surgical operations which have a high requirement for accuracy, such as CMF surgery.
As mentioned above, the goal of image registration is to find the best geometric transformation which can lead to the best overlap of two images (input and output images) from different spaces. This process usually contains two parts: finding the correspondences between the two images and calculating the best transformation from one image to another. The main approach of connecting the two images is establishing a pair of corresponding features (which are also called registration reference features) in the input and output images. The most widely used corresponding features for image registration in image-guided surgery usually include reference points which are preinstalled in the patient's body, and reference surfaces which are collected from corresponding regions, as shown in Fig.1 . Relatively, the methods of transformation calculating can be divided into point-and surface-based registrations. The point-based methods were developed from the leastsquares fitting algorithm presented by Arun et al. [8] . With the help of the least-squares fitting algorithm, Calvin et al. completed the registration of medical image and physical world via a group of implanted landmarks [9] . There has been much researches following and improving the implantedlandmark-based registration [10] , [11] . The surface-based methods were based on the ICP algorithm which was proposed by Besl and Mckay [12] , followed by many studies in medical image and clinical areas [13] - [15] . Certainly, there are also some studies focusing on the comparison and combination of the two kinds of methods [16] . Such as Kurt compared the accuracy of the point-and surfacebased registrations in image-guided neurosurgery [17] . Sun compared their application in maxillofacial surgery [18] . Maurer et al. [19] and Bergström and Edlund [20] proposed improvement methods respectively, combining the information of both points and surfaces. According to the literature and clinical surveys, the implanted-landmark-based registration is more stable in clinical practice, since the surface information that can be collected during the operation is limited and easily deformed.
The degradation of the reference features (such as deformation and noise) is a main challenge for both the point-and surface-based registrations. This paper focuses on the imageto-physical registration in the progress of robot-assisted CMF surgery. In general, the main approach to building an accurate and stable correspondence is implanting some fiducial markers into the patient's body. Even thus, the degradation caused by the recognition noise is still inevitable. Although the recognition error of the fiducial marker is much smaller compared with the deformation of the surface or other degradations, it is still a significant problem for the CMF surgery.
Taking the titanium nails which were usually used as landmarks in clinic as an example, the CT image of a titanium nail is an area with a size of about 1mm 3 . Finding the best corresponding point with the point identified by the navigation cameras is a tough problem. The accuracy of manual operation is unstable. According to our sample survey of 10 operators, the average error of manual selection is about 1mm. In order to solve this problem, some automatic identifying methods for reference marker in the medical images were proposed. Wang et al. [21] , [22] presented an automatic identification method for titanium nails in CT images based on prior information. Hoey et al. [23] proposed a segmentation algorithm for electrode markers in MR images. Fang et al. established an automatic identification method based on robot learning. Griese et al. [25] provided a principle of landmark localization algorithm combined the threshold segmentation and image center calculation. Besides, some improvements for registration algorithm were proposed to make it more robust to the deformation and noise, such as the Gaussian mixture model(GMM) and coherence point drift(CPD) described in [26] and [27] . These improvements are mainly for the non-rigid registration, and not specifically suitable for the image-to-physical registration in the image-guided surgery, because of the insensitivity to the slight noise produced during the surgical operations which have a high requirement for recognition of the reference points. Because of the small number of reference points, there is no need to build more complex models like GMM or CPD model. Also, in order to address the degradation caused by the recognition error of the fiducial markers, we adopt a strategy of fuzzy registration based on asymmetric data. In this work, the recognition error of the implanted marker is regarded VOLUME 6, 2018 as a kind of random noise, and an improved region growing algorithm is used to fuzzify the reference points in the image-space. Then, a registration procedure combining the least-squares fitting and iterative methods is established to align the asymmetric data. The core of our method is based on a directional region growing algorithm to draw the best reference points of the image-space into the candidate point sets, and based on the geometrical features of the reference points to search out the best corresponding reference points.
In Section II, we describe the whole process of the improved registration algorithm, during which we improve the energy function of the region growing according to the limitation of the implanted markers, and add a geometric feature to the correlation function of the iterative process. Section III and Section IV provide experimental results to verify the sensitivity of the improved method to the number of reference points and random noise. Finally, we give a discussion of the future work in Section V, and a conclusion to the present work of this paper in Section VI. In fact, more influential factors and more useful corresponding reference features need to be mined by big data analysis. Therefore, our work in this paper is merely a foundational link of the further analysis, and the results of all the cases will be uploaded to the cloud. Then, the registration algorithm will be optimized via a deep learning method based on the big data of the registration results.
II. REGISTRATION ALGORITHM AND PROCEDURE
The registration for image-guided CFM surgery is a kind of rigid transformation in three dimensions, which can be expressed as
where q(x q , y q , z q ) and p(x p , y p , z p ) are the coordinate value of the reference points in two spaces, vector. The transformation matrix calculation is a process of finding the solution of R and T , using {q i } and {p i }.
There are various solutions for this problem, such as seven-parameter method, least-squares fitting, quaternion method, and so on. The most used method for medical image registration is the iterative closet point algorithm (ICP) [9] , which finds the most correlative point set via iteration, and calculates the transfer matrix via singular value decomposition (SVD) [4] . For the point-based registration, as the number of the reference points is limited, there is no need to do the similarity measure or iterative searching. The leastsquare fitting algorithm is the most used method for the pointbased registration. In this work, in order to deal with the random noise of the reference points in image-space, we first propose a directional region growing algorithm to extend the single reference point to a fuzzy point set, and then complete the registration via an improved iterative algorithm.
A. REFERENCE POINTS IN IMAGE-SPACE
The point-based registration needs to implant some titanium nails or other markers into the patient's body before taking the CT scan. Generally, the markers have a quite different X-ray transmittance with the surrounding tissue, so that they can be distinguished easily from the CT images. In order to verify our method, a 3D printed model was employed to represent the patient's skull, as shown in Fig.2 . A circular fiducial marker was drilled at each landmark point using a 1mm drill, to a depth of 1.5 mm, and the holes were filled with gut tapercha (DM, Germany). The 3D printed model was scanned via the cone-beam CT (VaTecH, Korea), and the DICOM dataset was imported into our autonomous software ( The first step of generating the fuzzy point set is choosing a group of seed points manually from the fiducial markers. Then, a group of potential points will be found via a seeded region growing algorithm. The seeded region growing algorithm is a classical method of image segmentation, and its main idea is controlling the growth of the target region by judging the similarity of the pixels outside and inside the region contour [28] .
Defining the initial seeds as p 1 , p 2 , · · · , p n , and the intersected regions after some steps of growing as A 1 , A 2 , · · · , A n . Let T be the set of all unallocated pixels where N (x) is the immediate neighbors of the pixel x. If N (x) meets just one of the intersected region A i , then define a measure of the similarity between x and its adjoining region as δ(x). Commonly, the simplest definition is
where g(x) is the gray of pixel x. If N (x) meets more than one intersected region, then δ(x) is chosen to be the minimum. In this way, the pixel z ∈ T which needs to be appended to the intersected region satisfies
As the implanted markers are easy to be recognized, the gray value is still adopted to be the main reference feature for the region growing. Besides, considering the size of the marker, the growing range is limited to ≤ 1mm. Because the landmarks recognized by the navigation system are almost on the surface of the bone, the growing direction is limited to towards the surface side. The goal of limiting the range and direction of growing is to involve the best point into the fuzzy model, and limit the point number of the fuzzy point set at the same time. As the larger number of points will increase the chance of mismatching. We improve the measure to
where − → d x→z is the vector from x to z, and a is a constant, while B j is a point set of the surface points in the range of 1mm from p i , and − → d x→B j is the vector from x to B i . Thus, define the final intersected regions as S 1 , S 2 , · · · , S n , and the pixel s ∈ T = n i=1 S i . The fuzzy model of reference points in the image-space is a set of S which is grown using the measure δ(z). The segmentation results of the landmarks are shown in Fig. 3 .
B. REFERENCE POINTS IN PHYSICAL-SPACE
Surgical navigation is a technology that locates and tracks the instruments or anatomical structures via binocular stereo cameras. Most of the present commercially available image-guided navigation systems are based on infrared. They must rely on a probe which is equipped with infrared reflective markers to complete the localization of the target. To improve this situation, we established a surgical navigation system based on gray images and 3D digital image correlation algorithm (3D-DIC) [29] , [30] . According to the experimental results, there is no significant difference between the gray-based and infrared-based cameras on the recognition accuracy (both of them can reach the level of sub-millimeter). However, the gray-based navigation method can decrease the indirect errors produced by the probes. In this work, our autonomous 3D-DIC system is chosen to acquire the landmarks in the physical-space, as shown in Fig.4 . 
C. PRINCIPLE OF THE ROBUST REGISTRATION ALGORITHM
Most of the traditional point-based medical image registration methods are realized through the least-squares fitting method proposed in literature [4] . Assuming {p i } and {q i } are the symbols of the corresponding points in image-and physical-space respectively, the first step of the algorithm is to calculate the centroids of {p i } and {q i }, which are defined as p and q, then, let 
Finally, we can obtain a rotation matrix R = VU T which can minimize (7), and translation vector T = q − Rq. The least-squares fitting method is widely used due to the high computation speed and registration accuracy. However, the reference points for the least-squares fitting method must be a pair of symmetric point sets with same number of points. The registration accuracy completely depends on the matching degree of the two groups of homonymy points. As the reference points in the image-space have been extended to a fuzzy point set, the problem becomes a registration based on asymmetric data. In general, ICP algorithm is the best solution for the registration based on asymmetric data. However, the traditional ICP requires a good initial position, and is not very robust to deformation and noise. Therefore, we propose to give an initial position using the least-squares fitting calculation, and improve the ICP algorithm with geometrical features of the reference point set to enhance its robustness to noise.
Defining the reference point set in the physical-space as {q i }, and the reference point set in the image-space as {p i }, then, the procedure of the improved algorithm is as follows: (i) Fuzzify{p i } using the method introduced in section A, and get a fuzzy model {S i }, where S i is a point set growing from p i ;
(ii) Calculate the center points of each S i in {S i }, which were defined as c Si , and get the set of center points {c Si };
(iii) Replace the {p i } in the traditional method with {c Si }, take {c Si } and {p i } as the inputs of the least-squares fitting algorithm, and calculate the initial transfer matrix which is defined as
, and take it as the initial input of the iterative calculation;
(v) At last, find out the most corresponding point set to {q i } from M 0 via iterative calculation, then calculate the transformation matrix from {q i } to {q i } via the least-squares fitting, define it as RT iter = [R iter , T iter ]; Finally, the transformation matrix from the image-space to the physical-space can be calculated by
The iteration process in the improved method refers to the classic iterative closet point (ICP) algorithm in literature [9] . The improvement of our method is that in addition to the distance factor, we introduce the geometry features as a determining factor of the correlation judgment. The termination condition of the iterative calculation can be described as finding the minimum value of
where m i is the closest point to q i in M 0 , g qi and g mi are the geometry features of the two point sets, which are defined as the distances from any one point in the point set to the other points, that is
The procedure of the improved registration algorithm based on asymmetric data is shown in Fig. 5 (a) , and the results of medical image registration using the improved method are shown in Fig. 5 (b) and (c).
III. EXPERIMENTS WITH DIFFERENT NUMBERS OF REFERENCE POINTS
According to the literatures and our previous research [29] , [30] , the most referred factor which can influence the registration accuracy of the point-based methods is the number of the reference points. We designed a group of registration experiments to study the sensitivity of the improved method to the number of the reference points. The experiment is completed with a random noise, using the improved method (defined as asymmetric method), and using the traditional point-based method (least-squares fitting algorithm, defined as symmetric method) as contrast.
A. EXPERIMENTAL DESIGN
In order to verify the influence of the number of reference points to the registration accuracy, as well as compare the sensitivity of the two methods, 15 landmarks were chosen from the skull model (mentioned in the previous section) to be the reference points, and defined as [pr 1 , pr 2 , · · · pr 15 ], while 5 landmarks were chosen to be the test points, and defined as pt i ∈ [pt 1 , pt 2 , pt 3 , pt 4 , pt 5 ]. The image registrations, using the symmetric and asymmetric methods respectively, were completed via 4 reference points (4-point-based) which were chosen randomly from [pr 1 , pr 2 , · · · pr 15 ]. The experiment was repeated 10 times with different random combinations of 4 reference points. Subsequently, the 6-, 8-, and 10-point-based registration experiments were done via the same procedures.
The location of the test point was defined as pt physical (x i , y i , z i ) in the physical-space, and pt image (x i , y i , z i ) in the image-space. The transfer matrix calculated by each group of registration experiment was defined as RT j , where j represents the times of the 10 repetitions. The transferred location of the test point is
For each single experiment, the registration error of each test point is
B. RESULTS OF DIFFERENCE NUMBERS OF REFERENCE POINTS Fig. 6 shows the registration result with different numbers of reference points. Statistical results are shown in TABLE 1, and Fig.7 . The result demonstrates that the asymmetric method is less sensitive to the number of the reference points.
IV. EXPERIMENTS WITH SIMULATIVE NOISE
Apparently, when the noise is given, the registration error is inversely proportional to the number of reference points. Actually, the number of the reference points influences the registration result through changing the proportion of noise while calculating the centroid. So, the noise is the source VOLUME 6, 2018 of the error and the determinant of the medical image registration accuracy, while the number of the reference points can only influence the magnitude of the error. We verified the performance of the improved algorithm via the ability of dealing with noise, and the experiments are designed as follows.
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A. MODEL OF THE SIMULATED NOISE
Defining the point set without noise as {p i }, the point set with noise can be described as
where n i is a random noise which represents the deviation of the 3D coordinates:
The range of the noise is within 1mm in actual operation. The simulated noise can be generated via the following model.
where random(−1 : 1) represents a random number between -1 and 1. To facilitate the statistical analysis of experimental results, the noise was divided into 10 levels, according to the value of n i , which are [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0].
B. EXPERIMENTAL DESIGN
In order to verify the ability of the improved algorithm in dealing with the random noise, four implanted landmarks on the skull model were chosen to be the reference points.
The coordinate values of the four markers in the imageand physical-space were acquired by CT scan and navigation cameras respectively. The least-squares fitting method, which represents the symmetric method in this paper, and the improved algorithm, which represents the asymmetric method, were used separately to calculate the transition matrix from the image-space to physical-space, which were defined as RT S and RT A .
The registrations were repeated with different noise levels (from 0 to 1.0), and the results of 0-level were taken as the reference standard (reference-model), to evaluate the results of other levels (tested-model). The error was defined as the distance between the reference model and the test model, which can also be expressed as the mean distance of the closest points in the two groups of pointcloud, and defined as AVG. In addition, the maximum value of the distance was defined as MAX , while the minimum distance and the standard deviation were defined as MIN and SD.
C. RESULTS OF SIMULATIVE NOISE EXPERIMENT
The 3D chromatographic effect of the experiment is shown in Fig. 8 . While Fig. 9 provides the statistical results of the registration errors in different noise levels, using the symmetric and asymmetric method.
V. DISCUSSION
According to the experimental results, the improved algorithm is insensitive to the number of the reference points, and can suppress the influence of the noise effectively. The core of the improved method is fuzzifying the reference points in the image-space. This is because the reference points in the image-space are more susceptible to the recognition errors, and there is no good condition for region growing in the image of physical-space. The reference point set in the physical-space were intended to be the standard, and was used to search the corresponding points from the fuzzy reference points in the image-space.
At present, the point-based registration is the most reliable and practical approach for clinical application. It usually causes some trouble because of its invasiveness. The optimal way for image-to-physical registration in MFC surgery is using the anatomical markers which are easily VOLUME 6, 2018 to be identified, such as the nasal spine, the glabella point, the dental cusps, and so on. For the anatomical-landmarkbased method, it is difficult to recognize the landmarks automatically, both for the CT images and the navigation images. A viable approach is identifying the anatomical markers manually for the pro-operative images, and via probe for the intra-operative images. However, the traditional registration algorithms are usually unreliable to deal with the anatomical markers because of the noise. The robust registration algorithm proposed in this work can elevate the feasibility of the anatomical-landmark-based registration. Procedure of the anatomical-landmark-based registration using the improved algorithm is similar with the implanted-landmark-based method, as shown in Fig. 10 . However, before it is applied to the clinical field, more clinical data are needed for the further assessment and optimizing. In the future, all the results of this work will be collected to the cloud and used to optimize the algorithm through a deep learning method. The optimized method can be used in the anatomical-landmarkbased registration to make the registration procedure more convenient. 
VI. CONCLUSION
In this paper, we propose a robust registration algorithm for the robot-assisted CMF operation. Aligning the pre-operative image and the intra-operative image is a critical procedure for the robot-assisted CMF operation, which has a high requirement for accuracy. A method of fuzzifying reference points in the image-space is proposed to reduce the accuracy loss caused by noise. An improved algorithm combined by the least-squares fitting and iterative algorithm is established to complete the registration of the fuzzy and asymmetric data. The results of the experiments demonstrate that the improved algorithm can suppress the influence of the noise effectively, and it is insensitive to the number of the reference points. The accuracy and robustness of the image registration algorithm is enhanced. Furthermore, this work provides an initial algorithm which can be optimized via a big data analysis.
